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Abstract— We present a hierarchical framework for city-scale
autonomous ride-hailing that integrates vehicle prepositioning,
request matching, charging, and facility ingress. A fine-grained
mixed-integer program (MIP) coordinates prepositioning and
matching on short horizons, while a coarse-grained Deploy-
ment+Summoning decomposition enforces charger/parking ca-
pacities at scale. On ride-hail traces, the method increases
coverage and reduces wait relative to greedy and decoupled
baselines, while keeping charger overuse near zero (=~1-2%)
under rolling-horizon execution. We detail boundary-condition
handling for 24/7 operations and specify a concrete RL train-
ing/validation protocol for a constraint-aware hybrid in which
learned policies act tactically under a MIP-based safety shield.

I. INTRODUCTION

Autonomous vehicle (AV) ride-hailing is poised to trans-
form urban mobility, promising a future with increased
safety and potentially lower operational costs. However,
the transition to large-scale autonomous fleets presents a
dual-use dilemma. On one hand, centrally managed AVs
could optimize traffic flow, reduce energy consumption,
and provide reliable transportation. On the other, a poorly
managed fleet could exacerbate urban problems, increasing
traffic congestion, placing undue strain on electrical grids,
and creating new forms of social inequity by underserving
less profitable neighborhoods. The effective management of
an AV fleet is therefore not merely an operational challenge
but a critical issue of public interest.

Why this matters now: Commercial driverless ride-hailing
deployments and pilots have moved from small demonstra-
tions to sustained, city-scale operations. At this scale, the
fleet is a multi-robot system whose “actions” (dispatching,
charging ingress, staging, and rebalancing) create physical
congestion, queueing, and safety externalities that cities
regulate and infrastructure constrains. Seemingly minor re-
source limits, i.e., charger stalls, depot gate throughput,
curb access, and allowed operating geofences, become hard
constraints that must be satisfied in real time while the envi-
ronment changes due to demand spikes, travel-time shocks,
and facility disruptions. These are control problems: high-
dimensional, closed-loop decision-making under safety and
resource constraints, at multiple time scales.

It requires balancing a complex set of competing goals:

« Service Efficiency: Providing prompt and reliable ser-
vice to users by minimizing wait times and maximizing
the number of fulfilled requests.
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« Environmental Sustainability: Managing charging of
a large EV fleet to operate cost-effectively and avoid
overwhelming power grids.

e Social Equity and Congestion: Ensuring equitable
access across zones while avoiding induced congestion
hotspots.

A key gap in prior Autonomous Mobility on Demand
(AMoD) practice is that many formulations handle ei-
ther trip assignment/rebalancing or long-horizon charg-
ing/parking planning, but do not jointly enforce the hard
physical constraints that dominate real deployments (limited
charging capacity, ingress limits, and facility queueing), nor
do they clearly specify how decisions at one time scale
become constraints and targets at another. This paper is
organized around making those cross-scale interfaces explicit
and enforceable.

Contributions

e A unified hierarchy for AV fleet control that treats
charging/parking ingress and occupancy as hard
safety/resource constraints, enabling explainable and
enforceable system-level control.

o« Two interoperable workflows: (i) fine-grained
Prepositioning + Matching, (ii) coarse-grained
Deployment+Summoning  for  day-long  horizons
with rolling-horizon execution.

« Evaluation on city-scale traces: higher coverage, shorter
waits, and near-zero charger overuse vs. greedy and
decoupled baselines.

o Hybrid RL+MIP details: a concrete training/validation
protocol and an on-demand MIP “safety shield” that
projects learned actions onto feasible ingress/capacity
sets.

Paper Outline. We next review relevant prior work and the
motivations behind our decomposition approach (Section II).
Section II also introduces a shared notation and an interface
map linking all layers. In Sections III-VI, we detail each of
our four main mathematical formulations, with an emphasis
on how the model variables and constraints interact. In Sec-
tion VII, we present experiments and ablations. We provide
boundary-condition discussions and event-triggered replan-
ning logic in Section VIII, then conclude in Sections IX
and X with an outlook on RL extensions and real-world
integration challenges.

II. RELATED WORK AND MOTIVATION
A. Autonomous Mobility-on-Demand and MRTA.

Our problem belongs to autonomous mobility-on-demand
(AMoD) and multi-robot task allocation (MRTA). Classic
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MRTA taxonomies formalize assignment structures and cou-
pling in multi-robot systems [1], [2]. In AMoD, dynamic trip-
vehicle assignment and ride-pooling at scale has been stud-
ied in high-capacity settings [3], while queueing-theoretic
AMoD control, MPC, and network formulations address
rebalancing and stability [4], [5]. Early work also considered
queueing-network models and basic dispatch; later work
incorporates uncertainty and large-scale coordination (e.g.,
[6]-[9D.

B. Decomposition Approaches.

Large-scale optimization often uses hierarchical decom-
positions [10], [11]. We similarly split AV control into
a coarse Deployment layer and a finer Summoning layer,
reflecting real operational cadences (hourly vs. sub-hourly).
From a robotics perspective, this is a multi-time-scale control
architecture: a slow ‘“‘governance” planner that sets safe
targets and a faster tactical layer that reacts to local changes
while remaining feasible.

C. Learning-based Fleet Control

RL-based repositioning is promising but struggles with
global hard constraints (e.g., facility ingress) [12]-[15]. Our
stack serves as a constraint-aware baseline and strategic
layer for hybrid systems. Unlike purely learning-based con-
trollers, we make the safety envelope explicit (occupancy
and ingress constraints) and provide an optimization-based
projection/shield to guarantee compliance at execution time.

D. Stochasticity, Robustness, and Online Feedback

While we currently plan with deterministic forecasts,
stochastic and robust approaches embed uncertainty in the
model [6], [16], [17], trading tractability for resilience.
Rolling horizon helps react, but lacks formal guarantees. In
this paper, we make the feedback loop explicit via event-
triggered re-optimization (Section VIII) and propose stress-
test protocols with demand/travel-time/charging uncertainty
(Section VII).

E. Fairness, Equity, and Spatial Dispersion

Ensuring equitable service across zones is increasingly
central; fairness can be integrated via constraints/objectives
[18], [19]. In addition to reporting spatial concentration
(Gini) as a congestion proxy, we show how to incorporate
dispersion directly into the fine-grained objective via an L
deviation regularizer (Section III), turning “fairness” from a
metric into a controllable design knob.

F. Research Gap and Design Goals

We focus on a tractable, integrated framework for AV fleet
management that handles interdependent layers (dispatch,
charging, facility logistics) under hard physical constraints,
providing a scalable foundation for governable AMoD. Con-
cretely, we target three coupled failure modes observed in
real deployments: (i) short-horizon matching that ignores
battery/ingress constraints, (ii) long-horizon charging plans
that do not specify which vehicles execute them, and (iii)
rigid, clock-driven replanning that cannot react to shocks
between ticks.

(A) Fine-grained planning

(B) Coarse-grained hierarchy

Coarse
State & Deployment
Forecast (LP)
(A7)
System kg Detailed
State & Ereposifiont- Plan & —
Demand ng+(l;[/[alt;;ung Assignments|
(At) (At)
Current Summoning Detailed
State (MIP) Plan
(At) (At)
At: 15min  A7: 60 min
Fig. 1.  Workflow overview. (A) illustrates a monolithic approach where

prepositioning and matching are solved simultaneously at the fine time scale
(At). (B) demonstrates a two-step hierarchical approach, where coarse-
grained deployment targets are optimized over a longer horizon (A7), which

then constrain the fine-grained summoning MIP (A¢).

TABLE I

SHARED NOTATION AND INTERFACE MAP.

Quantity Meaning (units) Produced — Con-
sumed
Dyt forecast demand in zone v at  forecast — Preposi-
fine step t (req/step) tion/Match
nax aggregate demand upper bound  forecast — Deploy-
(reg/bucket), e.g. QM?* = ment
ZtET Zv D“ 5t
Yr.s,c occupancy in state s with SoC  telemetry — Deploy-
bin c (#veh) ment
;f?”T target #vehicles (bin c) to send  Deployment — Sum-
to facility f in bucket 7 moning
N}"fr max ingress to facility f during  ops limits — Sum-
bucket 7 (#veh/bucket) moning/Shield
Tj, foer summoning assignment deci-  Summoning — execu-

sion for vehicle 7

tion

G. Model Suite Overview

We propose two interoperable optimization frameworks
(Fig. 1): a fine-grained Prepositioning+Matching workflow
for short horizons and a coarse-grained hierarchical Deploy-
ment+Summoning workflow for day-scale planning.

Shared notation and interface map. We use common sets
throughout: zones V, vehicles Z, requests R, facilities F,
charge bins C, fine steps t € T (length At), and coarse
buckets 7 € ‘H (length A7). Table I summarizes how outputs
of one layer become inputs of another.

This interface map also clarifies how the hierarchy closes
the loop: realized occupancies/state-of-charge (SoC) his-
tograms update Y , . and triggers re-solves when deviations
exceed thresholds (Section VIII).

III. PREPOSITIONING MODEL

We start with a simpler Prepositioning problem, ignoring
charging or facility constraints. The goal is to ensure that a
sufficient number of vehicles is allocated to each location to
meet predicted demand. This is sometimes done for a near-
future time horizon (e.g. the next 30-60 minutes).

A. Model Definition
We are given:
o A set of locations V (e.g. city zones),
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o A discrete time horizon 7 = {1,...,T} (time steps of
length At),

e Aset K = {1,...,K} representing different demand
tiers or priority classes (e.g., premium vs. standard
requests),

o A total of |Z| = Nay AVs, each introduced exactly

once at some location and time.

We denote by D, ; the predicted demand at location v € V
and time ¢ € T in requests per step (units: req/At). We let
B be the fraction of demand that belongs to tier k, and oy,
be the priority weight of tier k.

Decision variables:

e Ty, > 0: the number of AVs allocated to location v
tier k, at time ¢,

e Qjyswt € {0,1}: equals 1 if AV ¢ moves from location
v to location w during step t,

o St € {0,1}: equals 1 if AV i is introduced (“starts™)
at location v and time ¢,

o d%ved > 0: demand served at (v, 1),

e Uyt > 0: unmet demand at (v, t).

Objective: 'We maximize tier-weighted allocation while
strongly penalizing unmet demand:

max E E E A Ny t

veEV keEKteT veEVIET

1
Spatial-dispersion regularizer. To make the “conges-
tion/fairness” proxy actionable, we can add —y >, ,0u¢

to (1), where du.¢ > [3 4 okt — Pu,t Dy Dog s kyt| and

pot i=Dy:/ >, Dy ¢ This linear Ly penalty discourages
over-concentration relative to demand [20].
Constraints:
vakt —vakt 1 — Z Zaiv—)wt +
weV i€l
Zzazwﬁvt+zszvt7 V’U t>1
weV i€l €L
2
Mokt S Bk D'u,h vk 7é Ka v, ta (3)
A"+ uos = Doy, Vo, )
et < va ki Vo, 8 5)
> Givswr <1, Vit 6)
v,wWEVY
Z i v—w,t S Z Qi w—v,t—1 + Si vty VZ, v, t> 13
weyY wey
@)
SN siwa=1, Vi, ®)
veEV teT

A v—w,ts iyt € {0 1} and Ny, k:t;dserVEd Uyt Z 0.

B. Explanation of Constraints

Eq. (2) (Flow Conservation). The total vehicles at location
v and time ¢ (summing across all tiers) equals the previous
time step’s number minus those that leave plus those that

- )\Z Zu”’t’ A> m]?xak.

arrive plus any newly introduced vehicles. This ensures
consistency of vehicle counts from one time step to the next.

Eq. (3) (Tier Fraction Cap). For each tier k£ except the
lowest, no more than 3}, fraction of the location’s predicted
demand can be allocated, preventing artificially inflating
high-tier coverage beyond realistic demand.

Egs. (4)—~(5) (Feasible Demand Split). Instead of forcing
all demand to be met, we decompose demand into served and
unmet parts. The objective penalizes u,; via A, preserving
feasibility even under shortages.

(6)—(8) (Vehicle-Level Feasibility). Each vehicle
makes at most one transition per time step. A vehicle may
depart zone v at time ¢ only if it was in v at t —1 or is newly
introduced at (v, t). Each vehicle is introduced exactly once.

C. Practical Notes

This model can be solved in a rolling-horizon manner,
e.g. every 15 minutes for the next 2 hours, or it can be run
offline for scenario planning (e.g. for the next 24 hours). In
practice, one may also add speed/distance feasibility masks
so that a; ¢ = 1 only if (v, w) is reachable within At.
The penalty A can be tuned relative to {cy} to prioritize
serving demand while allowing limited, explicit slack when
supply is insufficient.

IV. PREPOSITIONING + MATCHING

We now extend the above formulation to incorporate
explicit matching of vehicles to ride requests, rather than
only ensuring coverage. This is valuable if we want to track
which requests are served by which vehicle, enabling direct
constraints on waiting time or ride-level performance.

A. Model Definition

We add:

o A set of ride requests R, each with pickup location/time
(pr,tr) and an optional pickup window length L, €
Zx> (in fine steps).

o M5, € {0,1} indicates whether request r can be

served at location w and time ¢ (e.g., M,5}, = 1 iff
w=p.and t € {ty,...,t, + L.}; set L, = 0 to

recover exact-time service).

o t_v,w: predicted travel time from location v to w (used
to restrict feasible arcs; include v = w to allow in-zone
pickups).

We introduce a new decision variable:

M v, rwt € {07 1},

which equals 1 if vehicle ¢ at location v is matched to
request r at location w and time ¢. Typically, we only allow
Miurwe = 1 if the corresponding move is selected, i.e.,
A p—w,t = 1.

Objective: We can maximize the number of matched
requests, optionally penalizing pickup delay:

n Z (t_tr)mi,v,r,w,h (9)

7,%,0,w,t

max Z Wr My v, rw,t —
7,4,0,w,t
where w,- > 0 weights priorities (e.g. tiers) and > 0 penal-
izes waiting; setting 7 = 0 recovers the simple “maximize
matches” objective.
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Additional constraints:

Mi,v,rw,t S Qi v—w,ty VZ',T',U,’LU,t, (10)
req .
M v,rw,t S Mr,w,t7 Vznyv,w,t, (] ])
§ Mg, rw,t S 1a VT, (12)
3,0,w,t
z :miavﬂ'awvt S 1’ W,v,w,t. (13)
reR

Constraint (10) forces the match variable to be O unless the
vehicle physically executes the move v — w at time ¢ (allow
v = w for in-zone service). Constraint (11) ensures request
r is matched only within its admissible (w,¢) window.
Constraint (12) ensures each request is matched at most once.
Constraint (13) prevents a single vehicle from being used for
multiple requests at the same exact location/time.

B. Implementation Details

The pickup window L, induces a maximum wait of L, At;
choosing L, = 0 returns the exact-arrival model. Travel
feasibility is enforced by restricting a; ., to arcs with
fv,w < At (and including v = w). The model can be solved
in real time on small instances or in short rolling horizons
at city scale; when needed, a simple greedy or Hungarian-
style matching can replace (9)-(13) while retaining the

prepositioning plan.

V. COARSE-GRAINED FRAMEWORK PART 1: THE
DEPLOYMENT MODEL

We now present the first part of our coarse-grained hierar-
chical framework: the Deployment Model. This model takes a
strategic, aggregate view, making it suitable for longer-range
planning (e.g. a 24-hour horizon). Its purpose is to determine
the optimal flow of vehicles between being in service in
the city and being at various facilities (e.g. charging depots,
parking lots), while considering charge levels.

A. Model Definition
Sets:
o JF: facilities (e.g. charging or parking depots),
o S§={city} U{chg(f): f e F}U{park(f): f € F}
aggregate states (city, charge, park),
o C = {low, med, high}: charge-level bins,
o H={1,...,H}: coarse time buckets (e.g. hours).
Parameters:

. rj::j/ € [0,1]: probability that a vehicle departing state
s with charge-level ¢ and moving to s’ arrives with
charge-level ¢’ (encodes charge dynamics during moves
or dwell),

o Q'®*: demand upper bound (rides requested) in bucket
T,

. N;hg, N]E’ark: capacity of charging and parking at
facility f,

o N#ail: total fleet available for control in bucket 7.

e I s > 0: exogenous arrivals into state s at the start
of bucket 7 with bin c (e.g. vehicles returning from
maintenance or coming online).

o Consistency condition: we require Zs,c Irse =
Nyl — Navail g0 fleet conservation holds even when
availability changes. For a constant fleet, set N2Vl =
Nay and I... = 0.

« (optional) initial occupancies Y;""..

Decision variables:

e Y., > 0: occupancy in state s with charge bin c in
bucket 7,

o Zrs—sc > 0: departures from s to s’ in bucket 7 for
vehicles currently in bin ¢ (include s’ = s to model
“stay”),

e Q- > 0: rides served in bucket 7.

Objective:

H
max Y a-Qs, (14)
T=1
where o, can weight peak hours.
Constraints: (i) Stock—flow consistency and fleet ac-

counting

Z Z‘r,sﬁs’,c S YT,S,C» VT; S, C, (15)
s'eS
YT+1,S’,C’ = Z Z Z‘r,s%s’,c 712::2// + I‘r+1,s/,c/7
seS ceC
Vr < H, s, ¢, (16)
Yise=Yi4, (if known), (17)
DD Vrwe= N2, (8)

seS ceC

(ii) (Service feasibility) tie served rides to available city
occupancy:

QT S ernax7 Q‘r S ZYT,City,C7 VT (19)
ceC
(iii) (Facility capacities) enforce limits on occupancy:
ZYT,Chg(f)7C < N;hgv VT» f € -Fv (20)
ceC
ZYT,park(f),c < N})arkv VT» f eF. (21)
ceC

B. Explanation of Constraints

Egs. (15)—(18) (Stock/flow with charge transitions). At
each bucket 7, total departures from (s,c) cannot ex-
ceed the current occupancy Y: .. The next-bucket occu-
pancy Y i1 s  equals arrivals induced by all departures
(modulated by r;;’jf ) plus exogenous availability changes
I 11,50 Bq. (18) uses a time-varying fleet size N2l to
remain consistent when I # 0.

Eq. (19) (Rides served). Service is bounded by demand
and by the instantaneous city stock, ensuring we never claim
to serve more rides than the number of in-city vehicles in
bucket 7.

Egs. (20)—(21) (Facility capacities on occupancy). Ca-
pacities are enforced on the number of vehicles present in
charging/parking states, which captures physical congestion
and grid interaction.
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C. Usage and Rolling Horizon

Compared to the fine-grained Prepositioning+Matching
model, this aggregated model scales to longer horizons
(e.g. 24 hours). In practice, one solves Deployment hourly
to plan city vs. charging vs. parking stocks and uses the
Summoning layer to choose which specific vehicles realize
those aggregate targets. Deployment outputs are converted
into Summoning targets via Ny P 1= Z_ it song(f),c (and
similarly for parking), optlonally adjusted by facility-specific
ingress limits (Section VI).

VI. COARSE-GRAINED FRAMEWORK PART 2: THE
SUMMONING MODEL

The final piece is the Summoning model, which picks
exactly which vehicles will be routed to a facility when
there is limited capacity or scheduling constraints. Suppose
the Deployment solution indicates that 50 vehicles with low
charge should go to charge during time bucket 7. But which
50 among the low-charge vehicles currently in the city, and
to which charging facility? This model matches specific
vehicles to the aggregate slots created by the Deployment
Model.

A. Model Definition
Sets and Parameters:

e 7: candidate vehicles,

o F: facilities, C: charge bins, #: coarse time buckets,

« N} £"°P: target number of vehicles (bin ¢) to route to
fac111ty f in bucket 7 (from Deployment),

. N}ng max number of vehicles that can arrive at facility
f during bucket 7 (ingress cap),

e T; ¢ travel time from vehicle ¢ location to facility f
(minutes), A7: bucket length (minutes),

o M; ¢, € {0,1}: feasibility mask, with M; ;. = 1 iff
travel allows arrival of 7 to f during bucket 7 (e.g. 7;. ¢ €
[AT(T — 1), ATT]),

e gi . summoning score (defined below) for sending
vehicle i (bin c) to facility f.

Decision variable:

Zi, fer € {07 1}7

which indicates if vehicle ¢ with charge bin c is assigned to
facility f in time bucket 7
Objective:

max) Y D> GifeTifer (22)
i€T fEF ceC TEH
Constraints:

> Tifer < NPP, Vier,  (23)

1€T
S wiger <1, Vi, T, (24)

fEF ceC
SN wiger < NJE Vf,T, (25)

1€Z ceC
ximfach S Mi,f,r; Vi7f? C,T. (26)

Constraint (23) respects Deployment targets per facil-
ity/bin/bucket; (24) restricts each vehicle to at most one
ingress decision per bucket; (25) enforces per-bucket ingress
limits; (26) handles travel-time feasibility via a precomputed
mask.

B. Summoning Score Heuristic

We capture the desirability of assigning vehicle ¢ (with
charge level [;) to facility f through:

1
ifc— ——— ° q)i c’ A ) 27
Gife = T Pie A @7
with
l
—— b, if 1 < lnin e
P, .= lO; if lmin,c <l < lmax,m

lo
100 — Iax,c (100 =12),
with Ay (facility availability/priority factor), 7o (small off-
set), and [y (scaling parameter). The term 1/(79+7; ) favors
nearby facilities; ®; . prioritizes vehicles whose SoC fits bin
c; Ay promotes higher-availability or strategically weighted
facilities.

if li > lmax,ca

C. Summoning as a Feasibility Shield (Interface to RL)

Beyond “which vehicles go where,” Summoning serves as
a real-time feasibility layer: any tactical controller (heuristic
or RL) can propose ingress actions, and Summoning projects
them onto the feasible set defined by (23)-(26). This di-
rectly addresses brittleness under facility disruptions (e.g.,
a charger outage) by ensuring reassignment obeys updated
ingress/capacity limits without requiring a full end-to-end
replanning solve.

VII. EXPERIMENTS

We evaluate the proposed hierarchy on anonymized, real-
world ride-hail traces. We compare against standard base-
lines, study boundary-condition handling, and examine scal-
ing with fleet size and horizon length.

A. Simulation Environment and Data

We use a discrete-time, flow-based simulator built from
real data. The simulator assumes (i) static, time-averaged
inter-zone travel times for deterministic benchmarking, and
(ii) optional stochastic travel-time and charging-delay pertur-
bations for robustness stress tests (described below). While
simplified, this choice provides a controlled, repeatable
testbed to assess algorithmic logic and scalability under
identical conditions.

Data and City Zones: Our dataset spans several weeks in
a major metro area. We partition the city into 30 zones and
generate requests at 15-minute intervals. Facilities include
three charging depots (100 vehicles/hour each) and one
parking facility (300 vehicles). We evaluate fleets of 500 and
2000 AVs. To address scalability beyond 10* vehicles, we
additionally report solver scaling trends and discuss how the
coarse models depend primarily on |V|, |F|, and |C| rather
than |Z| (Section VII-E).
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TABLE II
PREPOSITIONING VS. NAIVE BASELINE (24HR, 500 VEHICLES, 30
ZONES). Coverage 1S % OF TOTAL DEMAND SERVED WITHIN THE SAME
ZONE/TIME BLOCK. Wait (sec) IS AVERAGE REQUEST WAIT TIME IN
SIMULATION. Runtime 1S SOLVER TIME IN SECONDS. RESULTS ARE
MEAN = STD OVER 10 SCENARIOS.

Method Coverage (%)  Wait (s) Gini Time (s)
Naive Baseline 80.1 135 0.48 0
(£2.5) (£11.2)  (£0.05) -
Prepositioning 92.4 97 0.31 84
(£1.2) (£5.4) (£0.03) (+8)
TABLE III

PREPOSITIONING + MATCHING (P+M) VS. GREEDY REAL-TIME.
RESULTS ARE MEAN = STD OVER 10 SCENARIOS.

Method  Coverage (%) Wait (s) Gini Time (s)
Greedy 88.9 (£1.9) 112 (£8.9) 0.42 (£0.04) 0
P+M 94.0 (£0.8) 82 (£4.1) 0.28 (£0.02) 181 (£15)

Metrics and Protocol: All metrics are reported as mean
+ std across 10 distinct 24-hour scenarios. In addition to
standard service metrics, we report a social-impact proxy:

o Congestion (Gini Coefficient): Gini of per-zone AV
density at each time, averaged over 24 hours. Values
near 0 indicate evenly distributed vehicles; values near
1 indicate concentration.

We also report robustness metrics under uncertainty: (i)
95th-percentile wait, (ii) constraint violation rate (charger
ingress/occupancy), and (iii) recovery time after demand
spikes.

Solvers and Implementation: We use Gurobi [21] on an
8-core CPU with 64GB RAM. Unless stated otherwise, each
MIP solve has a 300-second time limit. Rolling-horizon
cadences follow the model design: Prepositioning/Matching
(short horizon), Deployment (hourly), Summoning (sub-
hourly).

B. Prepositioning-Only vs. Baseline

We first compare Prepositioning-Only (Section III) to
a naive ‘“no-reallocation” baseline. As shown in Table II,
Prepositioning improves coverage by >10%, reduces wait
time, and lowers the Gini coefficient, evidence that proactive
reallocations mitigate clustering and potential congestion
hotspots. When enabling the optional dispersion penalty
(Section III), we observe further reductions in concentration
at a modest service trade-off.

C. Prepositioning + Matching vs. Greedy Real-Time Match-
ing

We next evaluate the fine-grained workflow. With 2000
AVs, the integrated Prepositioning+Matching MIP (Sec-
tion IV) is solved in 2-hour rolling horizons and compared
to a reactive Greedy Matching baseline (nearest-vehicle).
Table III shows the MIP improves coverage and wait and
yields a more balanced spatial distribution (lower Gini).

D. Deployment + Summoning Decomposition

We evaluate the hierarchical Deployment (Section V) +
Summoning (Section VI) approach on an hourly cadence:

1) Deployment (Hourly): Solve the aggregate model to
determine city/charge/park stocks and flows. From this
plan, derive facility-bucket targets Ny 0.

2) Summoning (Sub-Hourly): Assign specific vehicles to
facilities, respecting ingress caps N}?f and the feasi-

bility mask.

With 2000 AVs, 30 zones, and up to 3 facilities, a monolithic
end-to-end MILP (24 hourly steps) grew to millions of
variables and did not finish within 30 minutes. The two-step
hierarchy solved all 24 hours in 312s (Deployment) plus 120s
(Summoning). In simulation, the two-step plan served 95%
of demand at 90s average wait; the monolith, truncated at 30
minutes, served 89%.

E. Scalability with Larger Fleets

We vary fleet size from 200 to 4000. On a single 2-
hour window, Prepositioning+Matching scales from under
55 (200 AVs) to ~200s (4000 AVs). The Deployment model
scales more gracefully due to aggregation, supporting day-
long horizons.

Discussion Beyond 10* vehicles: Deployment depends on
|S] - |C| - |H]| (states x bins x buckets) and is independent
of |Z|. Summoning depends linearly on the candidate set
size; for |Z| > 10" we subsample candidates per bin/zone
or use a two-stage filter (top-K per facility by 7; ; and
SoC urgency) to keep the MIP tractable while preserving
feasibility guarantees.

F. Ablation: Partial Models vs. Full Stack

We compare partial stacks on a 24-hour, 2000-AV,
20k-request scenario. Table IV shows that while Preposi-
tion+Match boosts coverage, ignoring facility constraints
causes charger overuse; Deployment-only enforces capacities
but at some service cost. The full Deploy+Summon stack
achieves the best coverage/wait with minimal overuse and
lowest congestion.

VIII. BOUNDARY CONDITIONS IN 24/7 OPERATIONS

City operations do not reset at midnight. Plans must prop-
agate vehicle locations and state-of-charge across horizons
to avoid artifacts.

A. Rolling-Horizon Continuity

At each solve (e.g., hourly or every 2 hours), initialize the
state with realized occupancies and SoC from the previous
horizon to maintain consistency with live operations.

B. Warm-Up and Cool-Down

Append brief warm-up/cool-down intervals around each
day to produce realistic midnight states and avoid end-of-
day artifacts (e.g., mass deferrals at 23:59).
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TABLE IV
ABLATION ON 24HR SCENARIO WITH 2000 AVS AND FACILITY CONSTRAINTS. RESULTS ARE MEAN = STD OVER 10 SCENARIOS.

Charger Overuse ~ Congestion (Gini)  CPU Time (s)

Method Coverage (%)  Avg Wait (s)
(1) Greedy Only 86.0 (£2.1) 120 (£9.5)
(2) Preposition+Match 91.5 (£1.4) 89 (£5.1)
(3) Deployment Only 88.2 (£1.8) 105 (£7.2)
(4) Full Deploy+Summon  95.1 (40.9) 78 (+4.5)

16.0 (43.5) 0.45 (£0.04) 0
11.0 (+2.8) 0.33 (£0.03) 240 (421)
1.0 (£0.5) 0.38 (£0.04) 60 (+5)
1.5 (+0.8) 0.26 (£0.02) 330 (428)

C. Terminal State Constraints

Impose light terminal constraints (e.g., minimum city
coverage or high-SoC fraction) to discourage unproductive
final states.

D. Event-Triggered Replanning (Asynchronous Feedback)

To address rigid, bucket-synchronous control, we augment
the nominal timers with event triggers that can initiate an
early re-solve of one or more layers. Concretely, we trigger
a re-solve when any of the following holds:

o Demand shock: the observed request rate in any zone
deviates from forecast by > 6p for m consecutive fine
steps.

o Travel-time shock: estimated travel times exceed the
planning baseline by > 67 on a critical corridor or
across a zone boundary.

o Facility disruption: a charging site reduces capacity
(stall outage) or the estimated queue delay exceeds 0.

When triggered, we warm-start the relevant solver (Deploy-
ment or Summoning) using the last feasible plan and updated
telemetry, ensuring fast recovery without waiting for the next
fixed tick. This yields a closed-loop controller that reacts on
events while preserving hard constraint compliance through
the Summoning feasibility layer.

E. Empirical Note

Without terminal constraints, solvers can exploit “free
disposal” at the horizon boundary, degrading next-day per-
formance. We recommend short horizons (1-4 hours) with
real-time correction and mild terminal constraints to stabilize
day-to-day behavior.

IX. MIP, RL, AND A HYBRID ARCHITECTURE FOR
FLEET GOVERNANCE

A central design choice in AV fleet management is the
decision engine. While this paper emphasizes mixed-integer
optimization (MIP), reinforcement learning (RL) is attractive
for highly stochastic, real-time decisions. We view them as
complementary: MIP provides governance and guarantees;
RL provides adaptivity at the tactical level.

A. RL vs. MIP: Strengths and Trade-offs

Reinforcement Learning: Strengths: Learns adaptive
policies from data, capturing non-obvious behaviors (e.g.,
preemptive rebalancing around emerging hotspots). Chal-
lenges: Enforcing system-wide hard constraints is difficult
(charger ingress limits, city stock caps, fairness targets).

Without explicit guards, policies can violate facility or den-
sity limits, leading to grid stress or congestion spillovers.

Mixed-Integer Programming (this work): Strengths:
Constraints are enforced by design (fleet size, occupancy and
ingress caps, state progression), producing globally coher-
ent plans with clear explainability. Challenges: Requires a
problem model and scales with combinatorics; fine-grained,
second-by-second replans can be expensive, motivating the
hierarchical decomposition used here.

Scalability: RL inference can scale to > 10* vehicles
when actions are aggregated at the zone/bin level, while MIP
remains essential for enforcing global resource constraints.
Our architecture uses MIP at coarse horizons (governance)
and on-demand (safety projection), keeping solves tractable
even at large scale.

Constraint-Aware Benchmark We position our models
as a governance baseline: methods must match or exceed ser-
vice metrics and adhere to charger/parking limits and spatial
dispersion targets. For instance, in Table IV, greedy match-
ing improves speed but violates charger capacity (overuse
~16%), whereas our hierarchy attains top coverage/wait with
minimal overuse. Any RL policy should meet the same
constraint set and be evaluated under identical rollouts.

B. A Practical Hybrid: Strategy (MIP) + Tactics (RL) +
Safety

We outline a concrete three-layer design that drops into
our stack.

(1) Strategy Layer (hourly): Deployment as governance:
Solve the Deployment model (Section V) hourly to produce
explicit limits and targets:

« Facility-bucket targets N> for Summoning;

o City stock budgets Y Y} city,. and per-facility occu-
pancy ceilings (Egs. (20)-(21));

o Optional dual prices/penalties (from capacity con-
straints) that can shape tactical rewards.

(2) Tactics Layer (sub-hourly): RL for local actions: An
RL policy 7y (a | s) operates at 1-10 minute cadence to make
short-horizon choices (e.g., fine rebalancing, pickup staging)
using features such as predicted demand, local queue lengths,
travel times, and the latest governance targets. Training
rewards combine:

o Service terms (served requests, wait penalties);

+ Movement cost (empty vehicle-miles-traveled, VMT);

o Shaping from governance: penalties for approaching
ingress caps, violating occupancy ceilings, or deviating

prop
from Ny .
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(3) Safety/Feasibility Layer (real-time): Summoning as a
shield: Before execution, pass proposed actions through a
safety filter built on the Summoning MIP (Section VI):

o Action masking: disallow choices that would exceed
N2 or violate feasibility masks;

o Projection: if the policy proposes infeasible ingress,
project to the nearest feasible set via a brief Summoning
solve;

« Quota tracking: enforce adherence to N}'"> across the
bucket.

This preserves hard guarantees while retaining RL’s agility.

C. Training and Validation Protocol

We specify a concrete protocol for RL training details:

« Environment and episodes: train in the same simulator
used for evaluation, with 24-hour episodes sampled
from disjoint days/weeks; reserve a held-out set for
validation/testing.

o State: zone-level demand forecast summaries, current
vehicle counts per zone and SoC bin, facility oc-
cupancy/queue estimates, remaining ingress headroom
N}I,lf — Z“ i, f.c,r» and residual quotas N]E’LO,E.

o Action space (scalable): aggregated rebalancing and
staging actions at the zone/bin level (e.g., send n vehi-
cles from zone v to w), realized via a fast assignment
step; facility-ingress actions are proposed but must pass
the Summoning shield.

o Algorithm: PPO/SAC-style actor—critic with a
permutation-invariant (GNN) encoder over zones and
facilities; inference is O(|V| + |F|) per step.

o Reward shaping and constraint handling: start with
mild penalties for constraint proximity, then anneal
penalty weights upward; hard violations are prevented
by the shield to avoid destabilizing learning.

« Validation: select checkpoints by held-out performance
under identical random seeds; report both mean perfor-
mance and tail metrics (P95 wait, violation rate, post-
shock recovery time).

This protocol makes explicit the trade-off between RL agility
and MIP guarantees: RL learns fast reactions under uncer-
tainty, while MIP defines and enforces the feasible operating
envelope.

X. CONCLUSION

We introduced a hierarchical framework that integrates
prepositioning, matching, charging, and facility ingress for
city-scale AV fleets. The Deployment+Summoning decom-
position enforces hard capacities while scaling to day-long
horizons; Prepositioning+Matching improves short-horizon
service. On real traces, the hierarchy increases coverage,
shortens waits, and keeps charger overuse near zero.

Looking ahead, a distributed or consensus-style coordina-
tion between neighboring zones/facilities (e.g., ADMM) to
improve resilience under localized disruptions is promising.
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